This paper proposes a novel method for dynamically extracting and monitoring the entrances of areas of interest (AOIs). Most AOIs in China, such as buildings and communities, are enclosed by walls and are only accessible via one or more entrances. The entrances are not marked on most maps for route planning and navigation in an accurate way. In this work, the extraction scheme of the entrances is based on taxi trajectory data with a 30 s sampling time interval. After fine-grained data cleaning, the position accuracy of the drop-off points extracted from taxi trajectory data is guaranteed. Next, the location of the entrances is extracted, combining the density-based spatial clustering of applications with noise (DBSCAN) with the boundary of the AOI under the constraint of the road network. Based on the above processing, the dynamic update scheme of the entrance is designed. First, a time series analysis is conducted using the clusters of drop-off points within the adjacent AOI, and then, a relative heat index (RHI) is applied to detect the recent access status (closed or open) of the entrances. The results show the average accuracy of the current extraction algorithm is improved by 24.3% over the K-means algorithm, and the RHI can reduce the limitation of map symbols in describing the access status. The proposed scheme can, therefore, help optimize the dynamic visualization of the entry symbols in mobile navigation maps, and facilitate human travel behavior and way-finding, which is of great help to sustainable urban development.
Introduction
There are usually one or more entrances to building units in most cities of China, due to the conventional closed management mode. In addition, the entrances are often the origins and destinations of people's travel behavior and alternative location markers of the area of interest (AOI) [1] . In the domain of transportation, entrances are the import landmark of wayfinding and navigation [2] . With rapid urbanization, the location and status of the AOI entrances changes frequently, however, because the administration of entrances is undertaken by several different institutes from the public and private sectors. This updating of information about entrances cannot usually be exchanged between different formats in real time. For instance, a mobile map may be used to locate and navigate to a place but, upon arrival, the entrance is found to have been closed or relocated, perhaps as long as half a year prior. This can be a source of annoyance, given an expectation that the map symbol should display the most up-to-date location and access status (closed or open) of the AOI entrance. Therefore, There may be several solutions; for example, monitoring sensors, such as camera surveillance systems, can be installed to capture real-time videos or images for each entrance [3] . However, this is a resource-wasting and time-consuming approach [4] , and most cities cannot afford the cost of equipment installation and laying of network cable nor the human resources required for long-term maintenance.
Volunteer geographic information (VGI) may be another way [5] , of which users are also the collectors of data. However, there may be two related issues: The first is that data quality cannot be ensured, mainly because the education, vocation, and specialized fields of volunteers are different. Thus, they may have an inconsistent understanding of the content of the data [6] . Second, VGI may be more effective in finding data for popular areas than less popular areas. In general, the more users upload information, the better the VGI mode will be. Unfortunately, however, if the entrance is not available, the number of users decreases significantly, and less information is sent to the server, meaning this is not a viable solution.
At present, cruise taxis and car-hailing have become the most popular travel modes in urban public transportation [7] . Because most cars are installed with satellite-positioning devices, the spatiotemporal information of trajectory data can be uploaded to computer servers via mobile communication technology at regular time intervals. In public transportation, taxis are the closest to destinations compared to subways and buses [8] [9] [10] [11] . Furthermore, we can suppose that the location There may be several solutions; for example, monitoring sensors, such as camera surveillance systems, can be installed to capture real-time videos or images for each entrance [3] . However, this is a resource-wasting and time-consuming approach [4] , and most cities cannot afford the cost of equipment installation and laying of network cable nor the human resources required for long-term maintenance.
At present, cruise taxis and car-hailing have become the most popular travel modes in urban public transportation [7] . Because most cars are installed with satellite-positioning devices, the spatiotemporal information of trajectory data can be uploaded to computer servers via mobile communication technology at regular time intervals. In public transportation, taxis are the closest to destinations compared to subways and buses [8] [9] [10] [11] . Furthermore, we can suppose that the location of the entrance Sustainability 2019, 11 , 6870 3 of 20 should be able to be calculated by the drop-off points of taxicabs, and the status of the entrance can also be inferred by the change in the number of clusters.
Human mobility and travel behaviors have a strong regularity characteristic [12] [13] [14] , and previous studies have verified the differences between macro and micro travels through various kinds of trajectory data [15] , which form the basis of research about predictions and spatiotemporal distribution of travel behavior [16] . Floating car data (FCD) is widely used in traffic flow forecasting [11, 17] , traffic congestion analysis [9] , time and space distribution of traffic conditions [18] , traffic accessibility [19] , and traffic hotspot discovery [10] . Drop-off points are a particular type of signal point in trajectory data, which are extracted by the vacancy status changes of taxicabs, and are now widely used for finding hot spots of urban human flow [20] , revealing urban structures [21] and unveiling the relationship between land use and human mobility [22] .
Spatial precision of the extraction of drop-off points is affected dramatically by the time interval of trajectory sampling, but current studies of FCD have ignored this issue due to the large-scale perspective. The time intervals involved in recent research have been mainly 20 [10] , 30 [23, 24] , and 60 s [25, 26] . Taking 60 s as an example, if 1 km is set as the distance threshold, only 93.8% of drop-off points meet the requirement [25] , leaving "noise" of 6.2% that will disrupt the accuracy of the experiment if not addressed. If dealing with more detailed questions, the proportion of data that needs to be deleted is even larger.
Kernel density estimation (KDE) [27] and the Getis-Ord (Gi*) statistic [28, 29] are common methods for trajectory analysis. They are widely used in the location of hot spots [30] , vacancy rate prediction of taxicabs [31] , and spatiotemporal distribution of pick-up or drop-off points [32] .
Spatial clustering methods, such as K-means [33] and density-based spatial clustering of applications with noise (DBSCAN) [34] , are more popular in the discovery of drop-off points. The advantage of K-means is that the number of classifications can be determined in advance, and the clustering effect on spherical clusters is better than non-spherical clusters. DBSCAN can detect irregular shapes and recognize noise, which is a suitable advantage when extracting the uneven distribution of pick-up and drop-off points of taxies [35] .
The highlights of this paper include the following points:
1.
We ensure the position precision of drop-off points via fine-grained data cleaning, which is used for the location extraction of the AOI entrances; this method can be used in the similar work based on the FCD.
2.
We apply the constrained DBSCAN to find the drop-off clusters belonging to each entrance, and then infer the entrance location combined with the boundary of the AOI. Thus, the work addresses the concern that it is hard to quantify the parameters of DBSCAN to be extended.
3.
We propose a quantitative indicator to detect the access status of the entrance. Thus, it can enrich the expression of the map symbols, and then improve the navigation performance of the mobile map.
The rest of the article is organized as follows. The methodology of the article, as well as the related data and its preprocessing, is introduced in Section 2. The extraction process of the entrance location is presented in Section 3. Then, the accuracy and comparison analysis are illustrated in Section 4. The discussion follows in Section 5. Lastly, the conclusions and future work are in Section 6.
Methodology and Data Preprocessing
This article attempts to develop an approach to detect AOI entrances and their access status based on existing hardware and software conditions. In other words, new sensors and devices are not needed to solve this issue. There are many management information systems related to transportation in most cities in China, so the trajectory data of taxis can be collected all the time. If these data can be utilized in spatial mining effectively, it is undoubtedly a value-added service for the existing urban infrastructure. 
The Framework of the Research
There are several essential steps in this study: First, the taxi trajectory data are the primary experiment data, and the drop-off points are derived from these data. From this process, the cleaning of the drop-off points is a valuable finding in this article. Second, the drop-off points are partitioned under the constraint of the road network, and then, density-based classification is performed for each subset. To some extent, this approach reduces the limitation of the clustering method caused by uneven distribution. Then, the position of the entrance is calculated by the cluster center and AOI boundary. These operations are used to update the fundamental geographic data. Based on these, the temporal analysis of the clusters of the drop-off points is carried out for each entrance. The quantity change per unit time is used to detect the new access status of the entrances and further serve the visual optimization of the map symbols ( Figure 2 ). 
Data and Study Area
The experiments were conducted in the Chongchuan district of Nantong City, China. Nantong is located on the north bank of the Yangtze River estuary, of which gross domestic product (GDP) ranked 20th in the cities of China in 2018 [36] . The experimental data included taxi GPS trajectory and digital line graphic (DLG) thematic data. AOI and road network data in the same period were obtained using the Amap API by Web crawler technology. At the same time, a small number of aerial images from a drone were used for accuracy verification with a spatial resolution of 0.6 m.
Trajectory Data of Taxicab
The trajectory data of the taxicab covers the 31 days of October 2018, and the number of taxis was about 1400. Theoretically, the sampling time interval was 30 s but was less than 30 s in practice because the signal data caused by the change of the passenger status was also collected.
The raw taxi trajectory data used in this paper is in the xls file format and includes license plate number, phone number, time, longitude and latitude, speed, direction, and passenger status. License plate number and phone number are the unique identifiers of the taxi. Time represents the current date and time when obtained from the taxi. Latitude and Longitude contain the latitude and longitude coordinates of the taxi, respectively. Speed is a floating value that records the instantaneous velocity of the cab. Direction indicates the eight directions in which the vehicles were driving. Passenger status denotes whether a taxicab was occupied by passengers; it is a Boolean type variable 
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Trajectory Data of Taxicab
The raw taxi trajectory data used in this paper is in the xls file format and includes license plate number, phone number, time, longitude and latitude, speed, direction, and passenger status. License plate number and phone number are the unique identifiers of the taxi. Time represents the current date and time when obtained from the taxi. Latitude and Longitude contain the latitude and longitude coordinates of the taxi, respectively. Speed is a floating value that records the instantaneous velocity of the cab. Direction indicates the eight directions in which the vehicles were driving. Passenger status denotes whether a taxicab was occupied by passengers; it is a Boolean type variable with a value of 0 when the car was empty. An element of original sample data is recorded, as shown in Table 1 . In the domain of GIS, AOI is a kind of geographic entity whose geometry style is the polygon and is usually used to describe the same geographical types of objects, such as hospitals, schools, and residents. Road network and AOI are often considered as a topological association or adjacent relationship, and the entrances are the connection between the road network and AOI. This means that if we partition the urban area into several blocks by road networks at a certain level, there is usually one or more AOI within each block.
In this paper, an AOI is defined as the tuple A = {A i , R i , N i }, where A i represents the index of the AOI, R i represents the i-th road around the AOI, and N i represents the i-th vertex of the AOI domain. There was a total of 48 AOIs with 63 entrances used in the experiments; AOI samples included 13 shopping malls, 5 scenic areas, 13 residential areas, 7 schools, and 5 hospitals. The details of area and number of drop-off points associated with the entrances are shown in Table 2 . 
Cleaning of the Drop-Off Points
The spatial accuracy of trajectory data obtained through the BeiDou Navigation Satellite System (BDS) is about 5 to 10 m in the Asia-Pacific region. In theory, the signal point SP i can be acquired every 30 s during driving. Multiple sequential signal points can reflect the vehicle trajectory from SP 1 to SP n , as shown in Figure 3 . 
The spatial accuracy of trajectory data obtained through the BeiDou Navigation Satellite System (BDS) is about 5 to 10 m in the Asia-Pacific region. In theory, the signal point can be acquired every 30 s during driving. Multiple sequential signal points can reflect the vehicle trajectory from to , as shown in Figure 3 . The trajectory data were cleaned to remove empty fields and obvious errors. Moreover, the dropoff points were cleaned in spatial accuracy for the following reasons.
Existing studies based on taxi trajectory are mostly oriented to the spatial granularity of the urban district or street level, and the spatial accuracy at the kilometer level can meet the need for research. However, the width of the entrance is usually less than 50 m. To extract the entrance position through the drop-off points, the spatial accuracy of the drop-off points should be less than 50 m. When taxi drivers start or stop a new trip, the BDS device will record a signal point of the vehicle, which is marked with empty or heavy status, simultaneously. At the end of the trip, the passengers will be dropped at the destination. At the same time, the signal points that were collected by the BDS device will be recorded as drop-off points, as the set DP = { ,d ,…, }. At present, almost all of the pick-up and drop-off points of taxis in relevant studies come from such signal points.
Existing studies regard the first signal point at the beginning of the trip order, which changes from heavy status to empty status, as the drop-off point. However, drivers may change the status of the taximeter in advance or continue driving until the vehicle has stopped for convenient operation. Therefore, there may be an error between the position of the signal point collected by the system and the real drop-off location. The error zone is shown in Figure 3 . Distance ， between heavy and empty status points can be calculated based on Equations (1) to (2) . The trajectory data were cleaned to remove empty fields and obvious errors. Moreover, the drop-off points were cleaned in spatial accuracy for the following reasons.
Existing studies based on taxi trajectory are mostly oriented to the spatial granularity of the urban district or street level, and the spatial accuracy at the kilometer level can meet the need for research. However, the width of the entrance is usually less than 50 m. To extract the entrance position through the drop-off points, the spatial accuracy of the drop-off points should be less than 50 m. When taxi drivers start or stop a new trip, the BDS device will record a signal point of the vehicle, which is marked with empty or heavy status, simultaneously. At the end of the trip, the passengers will be dropped at the destination. At the same time, the signal points that were collected by the BDS device will be recorded as drop-off points, as the set DP = {dp 1 ,dp 2 , . . . ,dp n }. At present, almost all of the pick-up and drop-off points of taxis in relevant studies come from such signal points.
Existing studies regard the first signal point at the beginning of the trip order, which changes from heavy status to empty status, as the drop-off point. However, drivers may change the status of the taximeter in advance or continue driving until the vehicle has stopped for convenient operation. Therefore, there may be an error between the position of the signal point collected by the system and the real drop-off location. The error zone is shown in Figure 3 .
Distance dis sp i ,sp i+1 between heavy and empty status points can be calculated based on Equations (1) to (2) .
where Sp i x represents the longitude of the i-th point, Sp i y represents the latitude of the i-th point, and the variable i represents the sequence number of the point. The radius width of the error zone may affect the extraction effect of the entrance. In this experiment, drop-off points that exceed 50 m accounted for about 23.5% of the whole data set ( Figure 4 ). Moreover, the radius of a portion of data was larger than 100 m, which must affect the spatial accuracy of the extraction performance. In this paper, the average width of the associated road at the entrance, 50 m, was regarded as the threshold. After extraction, the trajectory points were cleaned again, and the drop-off points whose radius is greater than 50 m were removed.
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The Extraction Process of the Entrances
The location of the AOI entrances was obtained through conventional manual survey, so the accuracy was higher than that of other methods. However, this approach consumes significant time and human resources, making it hard to achieve frequent updating of the entrances. A new approach is proposed in the following section. 
Limitation of the Existing Methods
DBSCAN is a density-based clustering algorithm, which can separate high-density regions from low-density regions. The algorithm has two parameters, Eps and MinPts, which indicate the radius of the searching distance and number of points within the search area, respectively [34] . Then, the types of points are divided into three categories according to the above parameters. If the distance is less than Eps, and the number is higher than MinPts, the point is considered as a core point; otherwise, it is regarded as a boundary point, and other points are regarded as noise. The principle of the algorithm is to merge the key points whose distance is less than Eps, and the final result is a series of clusters and noise points. Density distribution is one of the key influencing factors of DBSCAN, which can be reflected by the settings of the two above parameters. For instance, Figure 6 shows two groups of DBSCAN clustering of simulated data sets with different Eps parameters. From the comparative experiments, we can find that a slight change of Eps may lead to a different result. The samples are divided into nine clusters in Figure 6a and three clusters in Figure 6b .
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Extraction Approach for the AOI Entrances
Distribution of the drop-off points usually is affected by factors such as road width, land use type, the economic prosperity of AOI, and the shape of entrances, resulting in uneven status. It is difficult to mine the drop-off points using DBSCAN and K-means directly, due to the hierarchical uneven distribution. Therefore, this paper proposes an optimized spatial clustering approach, DBSCAN-Constrained by Roads Network (DBSCANCRN) . The basic idea is to partition the drop-off points into pieces by road networks and search the road segments around each target AOI for the establishment of spatial relations and then cluster the drop-off points within each road segment separately. Based on the above operations, the location of the entrance is extracted by calculating the spatial relation between the clustering center and the associated road segment . The necessary process is shown in Figure 7 . 
Distribution of the drop-off points usually is affected by factors such as road width, land use type, the economic prosperity of AOI, and the shape of entrances, resulting in uneven status. It is difficult to mine the drop-off points using DBSCAN and K-means directly, due to the hierarchical uneven distribution. Therefore, this paper proposes an optimized spatial clustering approach, DBSCAN-Constrained by Roads Network (DBSCANCRN). The basic idea is to partition the drop-off points into pieces by road networks and search the road segments R i around each target AOI for the establishment of spatial relations and then cluster the drop-off points within each road segment separately. Based on the above operations, the location of the entrance is extracted by calculating the spatial relation between the clustering center and the associated road segment R i . The necessary process is shown in Figure 7 . The main steps are as follows:
Partition by road network
Road networks are used to divide urban areas. Generally, trajectory points are distributed in road segments, while AOIs are topologically contained in the grid polygon formed by road segments.
Spatial join of the AOI and roads
Entrances are the only way for residents to travel from AOIs to roads. In terms of spatial relationships, AOIs and road segments nearby can be regarded as spatial-association relationships. Therefore, AOI boundaries associated with roads can be selected to generate buffers on the outside of the boundaries. Because the drop-off points at the intersection of the road network can be attributed to many different road segments, this has a significant impact on the extraction of entrances. The rectangular area at the intersection of the road network is not considered; only other road segments are considered. The drop-off points in different buffer zones are recorded as set RC={ , ,…, }.
Spatial clustering separately
The DBSCAN algorithm is applied to the drop-off point clusters in the set RC, and then the result is recorded as the set DB= { , , … , }. The points with a value of −1 are noise, and every other cluster corresponds to an AOI entrance. According to Equations (3) to (4), the coordinates of the center of each group in the set DB are calculated.
where represents the latitude of the -th point and represents the longitude of the -th point.
Extraction of entrance positions
A vertical line is drawn through the cluster center and intersects the AOI boundary at a point, which is the location of the AOI entrance.
The pseudo-code of DBSCANCRN is shown in Algorithm 1. The main steps are as follows:
Partition by road network
Spatial join of the AOI and roads
Entrances are the only way for residents to travel from AOIs to roads. In terms of spatial relationships, AOIs and road segments nearby can be regarded as spatial-association relationships. Therefore, AOI boundaries associated with roads can be selected to generate buffers on the outside of the boundaries. Because the drop-off points at the intersection of the road network can be attributed to many different road segments, this has a significant impact on the extraction of entrances. The rectangular area at the intersection of the road network is not considered; only other road segments are considered. The drop-off points in different buffer zones are recorded as set RC = {rc 1 , rc 2 , . . . , rc n }.
Spatial clustering separately
The DBSCAN algorithm is applied to the drop-off point clusters in the set RC, and then the result is recorded as the set DB = {db 1 , db 2 , . . . , db n }. The points with a value of −1 are noise, and every other cluster corresponds to an AOI entrance. According to Equations (3) and (4), the coordinates of the center cen n of each group db n in the set DB are calculated. 
where p i x represents the latitude of the i-th point and p i y represents the longitude of the i-th point.
Extraction of entrance positions
The pseudo-code of DBSCANCRN is shown in Algorithm 1. 
Results and Analysis
To validate the effectiveness of the above algorithm, a series of experiments were conducted. The main findings and the analysis are presented in the following section.
Cleaning Effect of the Drop-Off Points
The DBSCAN algorithm is sensitive to the density and distribution of sample points, so data cleaning is essential. When using uncleaned drop-off points to extract entrances, clustering results appear as abnormalities, and the number of clusters deviates significantly from the real position. Taking the Demin Huayuan District as an example, when clustering with uncleaned data, the drop-off points on the south-east side of the district are clustered into one group, but in fact, there is no entrance here. When 79% of the drop-off points are cleaned, the remaining points are judged as noise points due to their small number. The extraction results are consistent with the actual situation of the community, as shown in Figure 8 . 
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The DBSCAN algorithm is sensitive to the density and distribution of sample points, so data cleaning is essential. When using uncleaned drop-off points to extract entrances, clustering results appear as abnormalities, and the number of clusters deviates significantly from the real position. Taking the Demin Huayuan District as an example, when clustering with uncleaned data, the dropoff points on the south-east side of the district are clustered into one group, but in fact, there is no entrance here. When 79% of the drop-off points are cleaned, the remaining points are judged as noise points due to their small number. The extraction results are consistent with the actual situation of the community, as shown in Figure 8 . 
Parameter Setting of DBSCAN
Eps and MinPts are two critical parameters of the DBSCAN clustering algorithm. Previous experiments show that parameter setting has a significant impact on the results. To find a more reasonable and automated parameter setting approach, a series of experiments were conducted through cross-checking the drop-off points. It was found that the method proposed by Ester was still effective in the extraction experiments, which determines the value of radius Eps using the inflection point of the sorted K-nearest neighbor curve graph. When the value of K was 4 in his experiment, the effect was relatively stable [34] . The method was used in the experiments of this article.
The distances from all the drop-off points to the i-th point are arranged in descending order, and the graph is drawn to observe the mutation point. Setting Eps as the distance between the point P and the mutation point, the left point of the mutation point is identified as noise and the right as the core or boundary point. The Eps values of various AOIs are shown in Figure 9 . 
The distances from all the drop-off points to the i-th point are arranged in descending order, and the graph is drawn to observe the mutation point. Setting Eps as the distance between the point P and the mutation point, the left point of the mutation point is identified as noise and the right as the core or boundary point. The Eps values of various AOIs are shown in Figure 9 . The value of MinPts heavily depends on the total number of drop-off points available in each AOI, so the MinPts can be set by adjusting the percentage, similar settings have been found very useful in detecting different types of urban areas of interest [37] . We set the MinPts from 1% to 10% in the calculation based on the above Eps, and the results of each type of AOI were shown as Figure  10 ; the value with the lowest error was selected as the best MinPts of each type of AOI. The value of the Eps and the MinPts set in the experiment are shown in Table 4 . The value of MinPts heavily depends on the total number of drop-off points available in each AOI, so the MinPts can be set by adjusting the percentage, similar settings have been found very useful in detecting different types of urban areas of interest [37] . We set the MinPts from 1% to 10% in the calculation based on the above Eps, and the results of each type of AOI were shown as Figure 10 ; the value with the lowest error was selected as the best MinPts of each type of AOI. The value of MinPts heavily depends on the total number of drop-off points available in each AOI, so the MinPts can be set by adjusting the percentage, similar settings have been found very useful in detecting different types of urban areas of interest [37] . We set the MinPts from 1% to 10% in the calculation based on the above Eps, and the results of each type of AOI were shown as Figure  10 ; the value with the lowest error was selected as the best MinPts of each type of AOI. The value of the Eps and the MinPts set in the experiment are shown in Table 4 . The value of the Eps and the MinPts set in the experiment are shown in Table 3 . 
Accuracy of Extraction Results
In order to validate the precision of the extraction result, the extraction error was defined as the projection distance from the extracted position to the adjacent door of the real location, referring to the aerial image resolution of 0.6 m. Maps of four hospitals of Nantong City are shown in Figure 11 ; the error was expressed by the distance between the yellow and pentagram symbols. 
In order to validate the precision of the extraction result, the extraction error was defined as the projection distance from the extracted position to the adjacent door of the real location, referring to the aerial image resolution of 0.6 m. Maps of four hospitals of Nantong City are shown in Figure 11 ; the error was expressed by the distance between the yellow and pentagram symbols. The extraction errors of various types of AOI entrances are shown in Table 5 . The extraction errors of various types of AOI entrances are shown in Table 4 . The average error of the residential area is the largest one in Table 4 , and the value is 22.4 m. The main reasons for the results are as follows: (1) An AOI with a nearby entrance has a cross-influence on the drop-off points; areas with the high pedestrian flow will affect the extraction results, and there may be mixed results of multiple AOI entrances. (2) Traffic regulations will affect location extraction of the drop-off points; one-way roads or parking restrictions on roads will lead to a deviation of the distance between drop-off points and entrances. (3) Open entrances are adopted in some shopping plazas, and taxis can enter the shopping plaza at will, which will result in relatively divergent locations of drop-off points. (4) Some residential districts' AOIs near roads will also have a certain influence on the distribution of drop-off points. (5) Due to the different sources of geographic data, there are some errors in the process of coordinate registration, such as road network data deviating from the actual location and deforming.
Comparison with K-Means
K-means is an iterative clustering algorithm. Compared with the DBSCAN algorithm, it needs to determine the number of categories, K, in advance, and the shape of clustering results is relatively fixed. Because there are some differences in parameter setting between the two algorithms, K-means is used as the contrast to DBSCAN. This paper tries to compare the best clustering shape of each algorithm in order to reduce the impact of the threshold setting on the method. Therefore, the evaluation of the results is relatively objective. After associating the road with the AOIs, the drop-off points in the road segment were extracted and processed using the K-means clustering algorithm. The elbow method and silhouette coefficient were used to determine the parameter K in the K-means algorithm. When K calculated by the two methods was different, the K value with the smaller error was chosen for entrance extraction, as shown in Table 5 .
On this basis, taking the south-east side of Xuetian Nanyuan District as an example, the K-means and DBSCANCRN methods were used to extract the entrances. The average extraction error of DBSCANCRN was 3.4 m, and the average error of K-means was 21.2 m (Figure 12 ). The average accuracy of the K-means method is compared with that of DBSCANCRN. The results are shown in Table 7 . The average extraction error in the experimental sample area was 11.2 m, which was better than the average error of K-means of 17.3 m. The average accuracy of the K-means method is compared with that of DBSCANCRN. The results are shown in Table 6 . The average extraction error in the experimental sample area was 11.2 m, which was better than the average error of K-means of 17.3 m.
Although the average accuracy for the schools using DBSCAN was equal to K-Means, the error of DBSCANCRN for specific schools was larger than K-means. First, because No. 1 Middle School was close to No. 1 People's Hospital, the entrances of them were adjacent. Moreover, the influence of No. 1 People's Hospital was much significant, so the drop-off points were mainly distributed near it. Second, Some AOIs, such as Qi Xiu Campus and Nantong University Affiliated Normal Primary School, had a small number of drop-off points around due to the management style. The distribution of drop-off points was approximate even, and the DBSCAN was sensitive to density, under these circumstances, the extraction accuracy of K-Means was better than DBSCAN.
Processing of Special Case
There is mutual interference between the adjacent AOI, so it is impossible to determine which AOI area the passengers enter after leaving the taxi. Under this situation, it is hard to extract the entrances through the clustering of the drop-off points. To solve the above problem, this article designs a time-division method. Through analysis, it was found that 06:00-09:00 is the peak time of junior high school attendance. If the drop-off point cluster is divided into time segments, and the drop-off points in the peak period are assigned to the school, the extraction performance is significantly improved. For example, in the experiment, we take Nantong First Middle School and Nantong First People's Hospital as examples. The two AOIs are distributed on the east and west sides of North Road of Children's Lane, and have an influence on each other. If the drop-off point at 06:00-09:00 is selected to extract the entrances of First Middle School, and the remaining drop-off point is used to extract First People's Hospital, the overall extraction effect is improved. In particular, the extraction accuracy of First Middle School in Nantong City is significantly improved, which shows that this method can reduce the interference of AOI to a certain extent. However, the accuracy of the hospital is decreased slightly, and further refinement of the operation is needed to achieve more satisfactory results, as shown in Figure 13 , where orange denotes the time-divided drop-off points, and blue denotes the undivided points. used to extract First People's Hospital, the overall extraction effect is improved. In particular, the extraction accuracy of First Middle School in Nantong City is significantly improved, which shows that this method can reduce the interference of AOI to a certain extent. However, the accuracy of the hospital is decreased slightly, and further refinement of the operation is needed to achieve more satisfactory results, as shown in Figure 13 , where orange denotes the time-divided drop-off points, and blue denotes the undivided points. 
Discussion

Application of Relative Hot Index
When the entrances are in normal status, the passenger flow will generally remain at a relatively stable level. Therefore, the number of AOI-related drop-off points can be used to measure the entrance status. However, due to the different flow rates at separate entrances, this paper proposes the indicator, which can be used to measure the status change of entrances. 
Discussion
Application of Relative Hot Index
When the entrances are in normal status, the passenger flow will generally remain at a relatively stable level. Therefore, the number of AOI-related drop-off points can be used to measure the entrance status. However, due to the different flow rates at separate entrances, this paper proposes the RHI indicator, which can be used to measure the status change of entrances.
RHI =
Num cur Ave(Num n ) (5) where Num cur denotes the number of drop-off points in the current period, and Ave(Num n ) denotes the average of the past n periods. For example, regarding the week as the unit, when n = 4, if the number of the drop-off points is 888 this week and 1776 during the past four weeks, the RHI value is 2. Theoretically, the value of RHI should be around 1.0. If the value deviates significantly from 1.0, it indicates the abnormality of the entrance. When the RHI is too large, it can be judged that the entrance may be a hot spot, which may cause emergencies. Conversely, if an entrance occurs continuously with a small RHI, the entry may be temporarily closed.
Detection of Changes in Entrance Status by RHI
Entrances are correlated with drop-off points, and the heat of the entrance is measured by counting the number of related drop-off points. Taking the north gate of Zhongxiu Campus as an example, the drop-off points in October 2018 and the first week of May 2019 were selected to detect the changes in the entrance. Limited by the short period of acquisition of the experimental data, only one month's calculation results are displayed. The heat of the entrance in October 2018 has a cycle of weeks, as shown in Figure 14 .
Entrances are correlated with drop-off points, and the heat of the entrance is measured by counting the number of related drop-off points. Taking the north gate of Zhongxiu Campus as an example, the drop-off points in October 2018 and the first week of May 2019 were selected to detect the changes in the entrance. Limited by the short period of acquisition of the experimental data, only one month's calculation results are displayed. The heat of the entrance in October 2018 has a cycle of weeks, as shown in Figure 14 . The value of the entrance in the first two weeks of May 2019 was also calculated. In the fourth week of October 2018, the number of drop-off points was 746, with an average value of 1.0. In May 2019, the number of drop-off points was 0, and the average value was 0. It was speculated that the entrance may have an abnormal status, which was confirmed by field investigation: The entrance was closed in March 2019 due to construction on the outside of the building site, as shown in Figure 15 . The RHI value of the entrance in the first two weeks of May 2019 was also calculated. In the fourth week of October 2018, the number of drop-off points was 746, with an average RHI value of 1.0. In May 2019, the number of drop-off points was 0, and the average value was 0. It was speculated that the entrance may have an abnormal status, which was confirmed by field investigation: The entrance was closed in March 2019 due to construction on the outside of the building site, as shown in Figure 15 . 
Aplication of the
By setting the calculation period to monitor the access status dynamically, the result of each entrance was obtained. According to the indicator, combined with manual verification, different types of map symbols can be designed, as shown in Figure 16b . Because the value is dynamic, the type of map symbols can be changed correspondingly when abnormal entrances change back to normal status. 
Aplication of the RHI
By setting the calculation period to monitor the access status dynamically, the RHI result of each entrance was obtained. According to the indicator, combined with manual verification, different types of map symbols can be designed, as shown in Figure 16b . Because the value is dynamic, the type of map symbols can be changed correspondingly when abnormal entrances change back to normal status.
By setting the calculation period to monitor the access status dynamically, the result of each entrance was obtained. According to the indicator, combined with manual verification, different types of map symbols can be designed, as shown in Figure 16b . Because the value is dynamic, the type of map symbols can be changed correspondingly when abnormal entrances change back to normal status. However, in some extreme cases, there are still some limitations to this approach. In addition, the algorithm also depended on the number of drop-off points. Furthermore, the minimum time interval currently being done is one week, and it is difficult to discuss dynamic changes on a smaller time scale based on the current experimental condition.
Conclusions
This paper targets the dynamic monitoring of the access status (closed or open) of AOI entrances. Based on the existing trajectory data of taxicabs, an automatic solution was proposed. Firstly, finegrained analysis of original taxi trajectory data was carried out, and a new data cleaning method was introduced, which can extract the drop-off points with higher spatial accuracy. Then, the modified DBSCANCRN was designed, which aids the determination of the parameters of the algorithm and enhances the extraction precision of the AOI entrances. Secondly, the location and quantity of the However, in some extreme cases, there are still some limitations to this approach. In addition, the algorithm also depended on the number of drop-off points. Furthermore, the minimum time interval currently being done is one week, and it is difficult to discuss dynamic changes on a smaller time scale based on the current experimental condition.
This paper targets the dynamic monitoring of the access status (closed or open) of AOI entrances. Based on the existing trajectory data of taxicabs, an automatic solution was proposed. Firstly, fine-grained analysis of original taxi trajectory data was carried out, and a new data cleaning method was introduced, which can extract the drop-off points with higher spatial accuracy. Then, the modified DBSCANCRN was designed, which aids the determination of the parameters of the algorithm and enhances the extraction precision of the AOI entrances. Secondly, the location and quantity of the entrances and the drop-off points were correlated, and the RHI was calculated by the number of drop-off points in a period. Changes in the RHI can determine the access status of the entrance. The continuous operation of the approach will allow the detection of changes in entrances and instant notification of their access status and enhance sustainable urban transportation.
